This paper examines whether there is evidence of spillovers of volatility from the Chinese stock market to its neighbours and trading partners, including Australia, Hong Kong, Singapore, Japan and USA. China's increasing integration into the global market may have important consequences for investors in related markets. In order to capture these potential effects, we explore these issues using an Autoregressive Moving Average (ARMA) return equation. A univariate GARCH model is then adopted to test for the persistence of volatility in stock market returns, as represented by stock market indices. Finally, univariate GARCH, multivariate VARMA-GARCH, and multivariate VARMA-AGARCH models are used to test for constant conditional correlations and volatility spillover effects across these markets. Each model is used to calculate the conditional volatility between both the Shenzhen and Shanghai Chinese markets and several other markets around the Pacific Basin Area, including Australia, Hong Kong, Japan, Taiwan and Singapore, during four distinct periods, beginning 27 August 1991 and ending 17 November 2010. The empirical results show some evidence of volatility spillovers across these markets in the pre-GFC periods, but there is little evidence of spillover effects from China to related markets during the GFC. This is presumably because the GFC was initially a US phenomenon, before spreading to developed markets around the globe, so that it was not a Chinese phenomenon.
Introduction
Over the past two decades, China has established itself as one of the world's leading economic powers. Its strong economic growth has seen it become one of the world's industrial superpowers. This growth has had a significant impact on other economies around the world through Chinese imports and exports. One economy that has been particularly affected by the strong Chinese growth is the Australian economy, as China relies heavily on Australia's rich mining and resources sector for its growing industries. The Chinese stock market has also grown significantly since its inception ment to try and develop a financial system that is better adjusted and secure. Green [12] identifies three distinct periods or phases of institutional change:
1. The first period is from the end of 1990 to the end of 1992. In a move to try and create a more balanced financial system, the government opened two stock exchanges: Shanghai in late 1990, and Shenzhen in mid-1991. [1] states that this was one of the major reforms or innovations to the Chinese financial system in recent years. Nevertheless, although the exchanges were formed on "the status of a legal-person organization and not a government bureau" (Green, [12, p.9] ), and were generally at the senior staff's discretion, the People's Bank Of China still maintained control of operational and policy issues. Green [12, p.9 ] claims this was simply a "proxy for control by municipal leaders", who were inexperienced at managing operations with such a capitalist nature and, due to the strong presence of communism in China, were fearful of its political and social implications. In 1992, Deng and the politburo had reassured the people of China that this was a necessary reform, which led to thousands of state-owned enterprises attempting to become shareholding companies. This, in turn, led to an escalation in prices and demand for IPO shares, with the number of listed companies more than tripling between 1992 and 1993 ( NBS, [12] ). Unfortunately, officials had sold all IPO application forms on the black market. This led to the disturbances in Shenzhen known as '8.10' (short for 10th of August), which were considered to be some of the most serious social disturbances in China at the time. As a result, the issuing and listing of shares was suspended while the government tried to find a new way of regulating the stock market (Green, 2004, [12, pp. 10-11) .
2. The second period Green [12] identifies is between the end of 1992 and 1996. Towards the end of 1992, the China Securities Regulatory Commission (CSRC) was established as the "capital market watchdog" (Yao, [29, p. 2] ). As it was not established as a government body, it had not been included in the government budget and was not allowed to reprimand offenders and wrongdoers or publicise administrative regulation. This is confirmed by Yao [29, p.2] , who states that "the stock market used to be highly speculative and government manipulated. . . government policy was the dominant factor (in the) China stock market and directly triggered a bull market". This resulted in the market becoming highly volatile (Green, [12] ). Another important change during this period was the change in the foreign exchange rate system in China. The Chinese Yuan (RMB) was under the government's control, and was not fully convertible in the global market. When the government relaxed regulations and allowed the introduction of "Swap shops" (Breslin, 1998, [5, p.6] ), an inconsistency was found between the official exchange rate of RMB5.76 per US dollar, and the swap shop rate which was closer to RMB9 per US dollar. A government initiative to align the two in 1994 resulted in the official exchange rate settling at RMB8.61 per US dollar, a depreciation of about 50%. This depreciation of the RMB made Chinese exports more attractive and increased the flow of foreign funds into China (Breslin, [5] ).
3. The third period identified by Green [12] stretches from mid-1996 to the present. [12] claims that:
"In 1997, radical institutional change occurred, resulting in the empowerment of the CSRC and its effective take-over of the exchanges. Given its new powers, the CSRC has been able to reduce market instability and orient development towards the central government leadership's priorities" (Green, [12, p.1] ).
In 1996 and 1997, there have been a large number of new regulations put in place to reduce the volatility of the market and to reduce the incentives of government officials to manipulate it. [12, p.20] suggests these changes followed as the leaders of China have "become convinced of the deleterious effects of local regulation and . . . the wider dangers to the stability of the financial system that came from the stock market actions of local leaders". In 1998, the CSRC has finally taken over "supervisory responsibility of securities market regulation from the PBOC" [1, p.17] . It also controlled all aspects of market development such as the introduction and research of new products and securities, the results of which are not all positive, as the exchanges "cannot innovate in a way that an exchange should ideally be allowed to. . . (They) have been operated more as divisions of the CSRC than as independent business" (Green, [12, p.24] ).
One can claim that, despite the latter, the Chinese stock market operates more efficiently today than 10 years ago. Another important event was that China's 'big four' have also received over $33 billion of capital from the government in order to help them eliminate non-performing loans and to minimise the impact of the Asian Financial Crisis [1, p.17 ].
China has become an important player in international markets, as demonstrated by Moon and Yu [26, p.20] , who state that:
"As the first and second largest economies in terms of purchasing power in the world, the US and China's integration and competition in global capital market will be important in global portfolio management, hedging and trading".
However, integration into the global market can involve spillover effects of returns and volatility across markets. This has been found to occur between China and several of its trading partners. Using a symmetric and asymmetric spillover GARCH approach, Moon and Yu [26] find evidence of volatility spillover effects between the USA and China, claiming that 'good news' from the USA will reduce the variance in China's stock returns. They also find evidence of symmetric volatility spillover effects from China to the USA, and through the USA into international markets.
Yi, Chen and Wong [30] , who use a Fractionally Integrated Vector Error Correction Model with a multivariate GARCH model, and Johansson and Ljungwall [17] , find evidence that the Chinese stock market has stronger ties with the neighboring Hong Kong market then it does with the USA, despite the size of the US economy, and that there are significant spillover effects for both returns and volatility among China, Hong Kong and Taiwan. This is supported by So and Tse [28] , who assert that Asian markets are becoming increasingly integrated, and that there is evidence to suggest that their co-movements during periods of financial distress are becoming increasingly strong. Moon and Yu [26, p.20] state that "China's stock market has more information influence on the international stock market transmission since December 2005 as its stock exchanges became more liquid, open and influential". This is also confirmed by Yilmaz [31] , suggesting that China's stock market is one of significant importance within Asia and international markets.
The focus of our paper is on the impact of China's integration into the global market, and the extent to which it may involve spillover effects of returns and volatility across markets. This is of significance for several reasons:
1. It may affect the selection of shares for investors and fund managers who are interested in international equity, especially those interested in the Pacific-Basin area. 2. It may have an effect on portfolio optimization for investors and fund managers alike. 3. It may have implications for Australian markets. Australia's strong economic growth over the past decade (and of Western Australia, in particular), as well as its relative resilience during the recent GFC, has often been attributed to the corresponding growth in China. This is due to the fact that China has relied significantly on Australia's rich resource sector to fuel its industrial growth. Understanding the relationship of the volatilities of the two markets may have significant implications for Australian investors. 4. It may also have an effect on the pricing of financial assets.
Research Method

Data set and econometric models
The data set includes daily data for each index from 27 August 1991, the earliest date where a complete market index for China became available, until 17 November 2010. The indexes are total market indexes, based on market capitalizations and are calculated by Datastream. Daily returns are calculated as follows:
The data sets used are shown in Table 1 . There are a variety of models used to test for the existence of time-varying volatility and for spillover effects in returns and volatility across markets. Manganelli and Engle [24] claim that the main difference between models is how they deal with the return distribution, and classify these models into three distinct groups:
• Parametric, such as RiskMetrics and GARCH;
• Nonparametric, such as Historical simulation and the Hybrid Model;
• Semiparametric, such as CAViaR, Extreme Value Theory, and Quasi-Maximum Likelihood GARCH.
In this paper, we adopt parametric techniques and use the GARCH(1,1), VARMA-GARCH and VARMA-AGARCH models for the empirical analysis.
Univariate conditional volatility models
Engle [8] developed the Autoregressive Conditional Heteroskedasticity (ARCH) model that incorporates all past error terms. It was generalised to GARCH by Bollerslev [3] to include lagged term conditional volatility. In other words, GARCH predicts that the best indicator of future variance is the weighted average of long-run variance, the predicted variance for the current period, and any new information in this period, as captured by the squared residuals (Engle, [9] ).
The framework is developed as follows: consider a time series y t = E t−1 (y t )+ε t , where E t−1 (y t )is the conditional expectation of y t at time t − 1 and ε t is the error term. The GARCH model has the following specification:
in which ω > 0, α j ≥ 0 and β j ≥ 0, are sufficient conditions to ensure a positive conditional variance, h t ≥ 0. The ARCH effect is captured by the parameter α j , which represents the short run persistence of shocks to returns. β j captures the GARCH effect, and α j + β j measures the persistence of the impact of shocks to returns to long-run persistence. A GARCH(1,1) process is weakly stationary if α j + β j ≤ 1.
Ling and McAleer [19] and Harris, Stoja and Tucker [15] claim that the GARCH model is "perhaps the most widely used approach to modeling the conditional covariance matrix of returns", and Engle [9] states it has been successful, even in its simplest form, in predicting conditional variance. The main advantage of this model is that it allows "a complete characterization of the distribution of returns and there may be spacefor improving their performance by avoiding the normality assumption" (Manganelli and Engle, [24] p.9). However, Engle [9] , Nelson [27] , Zhang and Li [32] and Harris, Stoja and Tucker [15] also outline some of the disadvantages of the GARCH model as follows:
• GARCH can be computationally burdensome and can involve simultaneous estimation of a large number of parameters.
• GARCH tends to underestimate risk (when applied to Value-at-Risk, VaR) as the normality assumption of the standardized residual does not always hold with the behaviour of financial returns.
• The specification of the conditional variance equation and the distribution used to construct the log-likelihood may be incorrect.
• GARCH rules out, by assumption, the negative leverage relationship between current returns and future volatilities, despite some empirical evidence to the contrary.
• GARCH assumes that the magnitude of excess returns determines future volatility, but not the sign (positive or negative returns), as it is a symmetric model. This is a significant problem as research by Nelson [27] and Glosten, Jagannathan and Runkle (GJR) [13] shows that asset returns and volatility do not react in the same way for negative information, or 'bad news', as they do for positive information, or 'good news', of equal magnitude.
In order to deal with these problems, a large number of variations on the basic GARCH model have been created, each one dealing with different issues. Bollerslev [4] developed a multivariate GARCH (MGARCH) model that asumes Constant Conditional Correlation (CCC). In other words, it assumes independence of asset returns' conditional variance. Multivariate GARCH (MGARCH) models have recently been used widely in risk management and sensitivity analysis. Bauwens, Laurent and Rombouts [2] suggest that the most appropriate use of multivariate GARCH models is to model the volatility of one market with regard to the co-volatility of other markets. In other words, these models are used to see if the volatility of one market leads the volatility of other markets (the 'Spillover Effect'). They also assert that these models can be used to model the tangible effects of volatility, such as the impact of changes in volatility on exports and output growth rates. Bauwens, Laurent and Rombouts [2] suggest that these models are also efficient in determining whether volatility is transmitted between markets through the conditional variance (directly) or conditional covariances (indirectly), whether shocks to one market increase the volatility of another market, and the magnitude of that increase, and whether negative information has the same impact as positive information of equal magnitude.
Nelson [27] developed the Exponential GARCH (EGARCH) model. This model uses logarithms to ensure that the conditional variance is non-negative, and captures both the size and sign effects of shocks, capturing the effect of asymmetric returns on conditional volatility. This model was the first to capture the asymmetric impact of information. A second model, which is computationally less burdensome then Nelson's EGARCH, is the Glosten, Jagannathan and Runkle GJR model [13] . [13] found significant evidence of seasonal effects on the conditional variance in the NYSE Value-Weighted Index. Engle and Ng [10] claim that the GJR forecasts of volatility are more accurate than those of the EGARCH model.
The GJR model is specified as:
where
where I it is an indicator function that distinguishes between positive and negative shocks of equal magnitude. In this model, when there is only one lag, that is, when r = s = 1, the sufficient conditions to ensure that the conditional variance is positive (h t > 0) are that ω > 0, α 1 ≥ 0, α 1 + γ 1 ≥ 0,and β 1 ≥ 0; where α 1 and (α 1 + γ 1 ) measure the short run persistence of positive and negative shocks, respectively. These models can be estimated by maximum likelihood techniques when the errors follow a joint normal distribution. If this is not the case, quasi-maximum likelihood estimation (QMLE) can be used. Necessary and sufficient conditions for the second order stationarity of the GARCH model Bollerslev (1986) [3] . The necessary and sufficient conditions for the GJR (1,1) model were developed by Ling and McAleer [19] , who showed that [22] demonstrated the log-moment condition for the GJR(1,1) model, which is sufficient for consistency and asymptotic normality of the QMLE, namely E(log(
Multivariate conditional volatility models
We have considered univariate models of single assets in the previous section. However, in finance the behaviour of portfolios of assets is of primary interest. If we want to forecast the returns of portfolios of assets, we must consider the correlations and covariances between individual assets. A common approach adopted to the specification of multivariate conditional means and conditional variances of returns is as follows:
, m is the number of returns, and t = 1, ...., n. (For a full exposition, see Li, Ling and McAleer [19] , McAleer [20] and Bauwens et al [2] . The Bollerslev [4] constant conditional correlation (CCC) model assumes that the conditional variance of each return, h it , i = 1, ...., m, follows a univariate GARCH process:
In (6) above, α ij represents the ARCH effect, or the short run persistence of shocks to return i, and β ij captures the GARCH effect; the impact of shocks to return i on long run persistence, given by:
It follows that the conditional correlation matrix of CCC is
t is the conditional correlation matrix and the individual conditional correlation coefficients are calculated from the standardised residuals in equations (5) and (6). This means that there is no multivariate estimation required in CCC, which involves m univariate GARCH models, except in the case of the calculation of conditional correlations.
One limitation of this approach is that it presumes that the conditional variances are independent across returns, and there is no inclusion of asymmetric behaviour. Ling and McAleer [19] suggest a vector autoregressive moving average (VARMA) specification of the conditional mean in (5):
and specify the conditional variance as follows:
, and W, A i for i = 1, ...., r, and B j for j = 1, ...., s are m × m matrices. The VARMA-GARCH model assumes that shocks, whether positive or negative, have identical impacts on the conditional variance. To address this issue, McAleer, Hoti and Chan [25] suggested a VARMA-AGARCH specification for the conditional variance:
where C i are m × m matrices for i = 1, ...., r, and I t = diag(I 1t , ...., I mt ), where
VARMA-AGARCH reduces to VARMA-GARCH when C i = 0 for all i. If C i = 0 and A i and B j are diagonal matrices for all i and j, then VARMA-GARCH reduces to the CCC model. The parameters of the model can be estimated using maximum-likelihood estimation if a joint normal density function applies, and when η t does not follow a joint multivariate distribution, quasi-maximumlikelihood estimation (QMLE) can be applied.
Model specifications
Our goal in this paper is to model spillover effects. We begin with simple univariate models before advancing to more complex multivariate ones. In the context of measuring asymmetric shocks and spillover effects, the following models have been proposed:
1. The GARCH model is estimated with an auxiliary term added to capture spillover effects:
The null hypothesis is that there is no conditional volatility or a spillover effect. The alpha and first beta test for GARCH effects in Australia. The second beta is an additional term used to capture the effect of the lagged squared residuals of a GARCH (1,1) on a Chinese index, and added to the Australian market equation to test for spillover effects, as suggested by Hamao, Masulis and Ng [14] . If the coefficients are statistically significant then there is a spillover effect of volatility from China to Australia.
2. The multivariate VARMA GARCH model of Ling and McAleer [19] will also be used to model the conditional correlation of volatility between the aforementioned markets. The VARMA-GARCH model can be written as follows:
The alpha 2 and beta 2 measure the market's volatility relation to the lagged squared innovation and lagged forecast volatility of the Chinese market. The null hypothesis is that these coefficients are equal to zero, and there is no spillover of volatility from China to the other markets. 3. The multivariate VARMA-AGARCH model will be used to model the conditional correlation of volatility between these markets. The equation for the VARMA-AGARCH is expressed as:
The alpha 1A and alpha 1B represent the relationship between a market's volatility and its own lagged positive and negative returns, respectively. The beta 1 measures the GARCH effect, while alpha 2 and beta 2 measure the spillovers of volatility from the Chinese market. The null hypothesis is that there is no asymmetric relationship between returns and also no spillovers.
The results from the empirical application of these three models are presented in the next section.
Empirical results
The characteristics of the basic index series used in our data set presented in Table 2 suggest the existence of non-normality and fat tails. The Jarque-Bera Lagrange Multiplier test rejects the null hypothesis that the data are normally distributed: the p-values for all indexes above are zero. This is also evident from the skewness and excess kurtosis of the data. In order to estimate the parameters in the GARCH models, the Quasi-Maximum Likelihood Estimator (QMLE) will be used. The results in Table 3 mean we can proceed with confidence to the GARCH analysis; which is broken down into several parts. First, a GARCH (1,1) model is used to model conditional volatility and spillovers between the Chinese indexes and each of the other indexes during the four periods; 1990-1992, 1993-1996, 1997-2006, and 2007-2010 . The process is repeated using the VARMA-GARCH model and the VARMA-AGARCH model. Finally, the results of all three models are compared and contrasted. The results for all models use the Bollerslev-Wooldridge robust standard errors and covariances. If we consider Australia first, we can see in Table 4 above that the constant and α and β 1 are all statistically significant at the 99% confidence level. The β 2 coefficient is significant at the 95% confidence level. The significance of the coefficients suggests that there is evidence of conditional volatility. The AUS index demonstrates evidence of a significant relationship between current volatility and lagged volatility and lagged residuals. It also demonstrates some evidence of volatility spillovers, as β 2 is statistically significant; a movement of 1% in volatility in CHN will cause AUS to move in the same direction by 0.000543% the following day. Although the spillover appears to be significant, its magnitude is extremely small. The predictive power of the equation or R-squared is 0.015238, which means the GARCH equation explains only about 1.5% of variations in the AUS volatility. The case of Hong Kong is different and none of the coefficients is statistically significant. This suggests no evidence of GARCH effects in the HK index and hence no spill-over effects.
CHN
GARCH Models
The results for Japan are similar with none of the GARCH terms related to the Japanese index appearing to be significant. However, there is a significant β 2 coefficient, indicating some spillover effects from China. The equation for Singapore shows very significant GARCH effects and spillover effects from China. In the case of the USA, there is no evidence of spillover affects from China during this period. Table 5 shows the GARCH model results for period 2 running from 1/7/1992 until 31/12/1996. The Australian GARCH model performs strongly in this period with all terms highly significant, but there is no evidence of any spillover from China. The model for Hong Kong is similarly significant, but here there is only evidence of spillover from China at a 10% level. The Japanese market has a strongly signifcant GARCH model, with very significant evidence of spillover effects from the Chinese market. All the terms in the GARCH model for the Singapore market in this period are significant, but there is no sign of any spillover effects from China. Finally, the US market is similar to the Singapore market; all its own terms in the mode are significant, but there is no influence from the Chinese market. 30/6/1992 . This more sophisticated model captures the effects of both shocks to volatility in the Chinese market with α 2 and the impact of predicted volatility in the Chinese market in the form ofβ 2 . The results for this model are much more variable than in the original vanilla GARCH model. In the cases of the Singapore and US markets the intercepts are not significant. The estimate of α 1 is only significant in the Hong Kong market. The β 1 values are significant in all markets except the USA. Shocks to the Chinese market, as captured by the α 2 term, are not significant in any market save the Japanese one, and here the coefficient is only significant at 10%. However, the forecasts of volatility in the Chinese market are significant at 1% in the cases of Hong Kong and Japan. Table 9 reports the VARMA-GARCH results for period 2, and again the model displays mixed results. In two cases, Australia and the USA, the intercept terms are not significant. Past domestic shocks to volatility and forecasts of domestic volatility are significant in all markets. In three cases, Australia, Singapore and Japan, shocks to Chinese volatility have an impact in these domestic markets, while forecasts of volatility in China only appear to have a significant impact on the Japanese market. Table 10 displays the results for period 3 for the VARMA-GARCH model, and once again the results are mixed. The intercept terms are only significant in the cases of the Australian and Japanese markets. All the domestic market coefficients for past shocks to volatility and past forecasts of volatility are highly significant. Spillover effects are not present in the form of any significance being attached to past shocks to volatility in the Chinese market and predicted volatility in the Chinese market also has no impact. Table 11 displays the results for period 4, which spans 1/1/2007 to 17/11/2010 and includes the GFC. The results here are disappointing. The domestic market based GARCH models work well with all terms highly significant, with the exceptions of the intercept terms for Hong Kong, Singapore, Japan and the USA. None of the terms representing the impact of shocks or past forecasts of volatility in the Chinese market are significant at all. Thus, there is no evidence of any volatility spillovers at all in the period of the GFC when this VARMA-GARCH model is used. Table 12 presents the results of the VARMA-AGARCH model for period 1 from 27/8/1991 until 30/6/1992. This is the most sophisticated model applied because it incorporates leverage effects, permitting different responses to past positive and negative shocks to volatility in the local market. For Australia, the results are mixed. The intercept and coefficient α 1A , which captures the impact of past positive shocks, are insignificant. The α 1B coefficient which captures the influence of past negative shocks to the Australian market, is very significant, as are the influence of past forecasts of volatility in the Australia market, and past shocks to volatility in the Chinese market, as captured by the coefficient α 2 , which is significant at 10% . The result for Hong Kong in this first period is weak, with the intercept coefficient, past forecasts of volatility in the Hong Kong market significant and past forecasts of volatility in the Chinese market marginally significant at 10%. The result for Singapore has a significant intercept, a significant coefficient for past positive shocks, a significant coefficient on past forecasts of volatility in the Singapore market, and a significant coefficient on previous shocks in the Chinese market. The results for the Japanese market in this period are similar, with a significant intercept, a significant coefficient on past forecasts of volatility, though not on past domestic Japanese shocks, but a very significant coefficient on past forecasts of volatility in China, and a significant coefficient, at the 10% level, on previous shocks to volatility in China. The results for the US market are strange, with none of the coefficients appearing to be significant. The results for the VARMA-AGARCH model for period 2 are slightly stronger than in the previous period. In the case of the Australian market" the significant terms are the past forecasts of volatility in Australia, previous shocks in the Chinese market and previous forecasts of volatility in the Chinese market. The Hong Kong market is surprising, as there is no evidence of any spillovers from the Chinese market, yet all the terms for the domestic market are significant, though previous negative shocks are only significant at10%. The results for Singapore are virtually the same, with no influence from the Chinese market. The Japanese case is very different, with all terms in the equation being significant with the exception of previous negative shocks in Japan, and the two terms capturing the influences of the Chinese market are only significant at 10% . Finally, the model works well for the US market in this period, with all terms significant, apart from previous positive shocks in the US and prior forecasts of volatility in China. Thus, this period is quite surprising, with all markets showing spillover effects, apart from Singapore and Hong Kong. Table 14 presents the VARMA-AGARCH results for period 3 running from 1/1/1997 until 29/12/2006. Given the importance of China as Australia's trading partner it is perhaps not surprising that Australia displays strong evidence of spillover effects from China in this period. Indeed there is significant evidence of spillover effects from the Chinese market. Every term in the VARMA-AGARCH equation is significant, with the exception of past positive shocks in the Australian market, while past shocks in the Chinese market are only significant at 10%. The results for all the other markets are disappointing, with no evidence of spillover effects from the Chinese market. The terms for the domestic market are all significant, with the exceptions of the constant terms for the US and Hong Kong markets, and previous positive shocks are only significant at 10% in these markets. Table 15 provides the results for the fourth period, running from the beginning of 2007 until 17/11/2010, and therefore incorporating the effects of the GFC. The results here are the weakest of all, and there is no sign of any spillover effects from the Chinese market to the others ones. The domestic market terms for the VARMA-AGARCH model work well. It is perhaps not suprising that the term α 1B is highly significant in every market, as this captures the impact of negative shocks. By contrast, the term α 1A , which captures the impact of positive shocks, is insignificant in every market. The constant is insignificant for the Singapore market and is only significant at 10% in Japan and the USA. This clearly is a bear market. 
Conclusion
All of the markets have shown a significant increase in α 1B in period 4. This coefficient measures the relationship between volatility and lagged negative returns. This is also consistent with the fact that, during the GFC, huge losses were associated with a significant loss of investor confidence, bankruptcies of some of the most established financial institutions around the world (in the USA, in particular), and investors exiting the market in a hurry in order to try and cut their losses. This resulted in a period of extremely high volatility, and established a direct and positive relationship between negative returns and volatility. That is to say, as losses increased, so did the volatility in each of the markets.
Overall, the three models give fairly similar results. The GARCH (1,1) demonstrated little evidence of a volatility spillovers, and on the few occasions where the spillover proved to be statistically significant, the size of the spillover (as indicated by the size of the β 2 coefficient) and the predictive power of the equations (as indicated by the value of R-squared) were so small as to be negligible. However, all of the markets demonstrated a significant GARCH effect, revealing that their current volatility can be explained to some degree by their lagged volatility. The degree of impact of lagged volatility on current volatility changed from market to market, but in most cases the β 1 coefficient remained around 0.9.
The VARMA-GARCH model produced similar results. The model is a multivariate model, where the equation relates a market's volatility to its own lagged volatility and lagged residual, as well as those of the China. The VARMA-GARCH revealed that, although all of the markets tested, with the exception of the USA, showed some evidence of volatility spillovers from China during periods 1 and/or 2, none showed any evidence of spillovers during periods 3 and 4. Even those markets that did show evidence of spillovers during the first two periods had coefficients so small as to not be significant in any way -the largest coefficient was 0.002852 (in absolute terms). However, all of the markets showed significant GARCH effects, meaning that their volatility did depend on their own lagged squared residual and volatility.
The VARMA-AGARCH produced different results yet again. The VARMA-AGARCH is a multivariate model, which is an extension of the VARMA-GARCH model. However it is an asymmetric model -it relates a market's volatility to it's own lagged volatility, but has two separate coefficients for negative and positive returns, as well as the lagged squared residual and lagged volatility for the China. All of the markets showed a significant GARCH effect for each period, except for the USA in period 1. The different markets showed different relationships for positive and negative returns throughout the period. However, one common theme was the positive relationship between negative returns and volatility in periods 3 and 4, suggesting that 'bad news' increases volatility in the market while 'good news', despite being significant in SNG and JPN in period 2 and 3, does not have the same impact on volatility, as can be seen by the size of the coefficients and their general insignificance in most of the markets tested in most periods.
With regard to volatility spillovers, VARMA-AGARCH produces similar results to those of VARMA-GARCH. Every market that was tested, with the exception of HK, showed some volatility spillovers from China during at least one of the time periods tested. However, the inconsistency of the spillovers, as indicated by the significance of the coefficients, and the size of the coefficients when they were significant, reveals that, although there was some spillover of volatility from China to the other markets, the magnitude of the spillovers is relatively small. The most pronounced evidence of volatility spillover, in the VARMA-AGARCH model appears to be from China to Australia, which is not surprising given the importance of China to Australia as a major trading partner.
